Abstract. Transport mobility is important in defining the population's accessibility to services and facilities. Few studies have investigated the relationship between geographical accessibility of urban services for population living in residential areas and socio economic parameters. Concepts and methods for analysing accessibility are essential for understanding many significant social, economic and political issues, and hence accessibility has become a key factor in defining the quality of life and potential for development of both cities and regions. The accessibility metrics seek to define the level of opportunity and choice, taking account of both the existence of opportunities, and the transport options available to reach them. In this paper, the distribution of residential parcels is analysed from a rarely explored angle-that is, its location in relation to services and facilities.This research focuses on spatial approaches to the conceptualization, measurement, and analysis of accessibility at the metropolitan level. The aims of this study are first to develop an index of the accessibility of various urban resources to each residential parcel in a metropolitan area of Adelaide using spatial data analysis in Geographical Information Systems and then to develop relationship with socio economic and land use attributes of statistical areas using Ordinary Least Squares (OLS) and Geographically Weighted Regression (GWR) analysis. GWR was developed to explore spatial variation which is important in implementing policies and programs so that they will be most effective. As expected the 'Distance (proximity) to CBD' variable has a positive relationship with metropolitan Accessibility/Remoteness Index of Adelaide (metro ARIA) meaning the farther away statistical areas have lower accessibility to services. However few south eastern areas that are closer to CBD, have shown higher than expected strengths. The northern most parts of Adelaide have shown low strengths due to their proximity to 'Gawler' town located in the northern part of Adelaide. In the case of Population density variable, the relationship is mostly negative except few areas in far south, west and northern areas, which showed a positive relationship. It is important to further explore these areas to identify the reasons for this mismatch. When similar results for median family income were studied, in some of the southern most parts of Adelaide, it showed strong positive relationship with metro ARIA.This research will help in formulating policies and to implement appropriate metropolitan development strategies. It will not only provide provide new insight into spatial differences between metropolitan areas but also potentially help in assessing the impact of the changes in services on land use. The findings of this paper therefore have important implications for service provision and social infrastructure investment.
Introduction
The need to meet the service requirements of a growing population is vital to the success of a commitment to sustainable mobility i.e. better understanding the distribution of urban services will enable future growth of this population to be better managed. The motivation for this research was a belief that to properly understand the relationship between 'accessibility to urban services' and potential explanatory variables, it is important to deal with spatial data more specifically.
Concepts and methods for analysing accessibility are essential for understanding many significant social, economic, and political issues and hence accessibility issues have increasingly become key factors in defining the quality of life and potential for development of both cities and regions. The accessibility measures seek to define the level of opportunity and choice taking account of both the existence of opportunities, and the transport options available to reach them. Black and Conroy [1] have also argued that accessibility measures are a useful aid to planners and policymakers in the social evaluation of urban structure.
Transport mobility is important in defining a population's accessibility to services and facilities. Earlier studies [2, 3, 4] have focused on regional accessibility issues, while the few studies [5, 6, 7, 8 ] dealing with urban resource accessibility have been limited in scope as they have dealt with only one specific urban service issue like health or public transport. However there are few reported studies dealing with geographical accessibility of all key urban services for the population of a metropolitan area. The aims of this study are first to develop an index of accessibility of all key urban resources to each residential parcel in a metropolitan area using spatial data analysis in Geographical Information Systems (GIS) and then to develop relationship with socio economic and land use attributes of statistical areas using Ordinary Least Squares (OLS) and Geographically Weighted Regression (GWR) analysis. The paper explores the option of identifying socio economic disadvantage areas through an 'accessibility to services' perspective. It demonstrates the depth of information that can be gleaned from local estimation as well as identifying a number of steps to improve the model's theoretical base and performance.
Methodology
This research focuses on spatial approaches to the conceptualisation, measurement, and analysis of accessibility at the metropolitan level and then relates it socio-economic and land use factors. The metropolitan accessibility/remoteness index of Adelaide (Metro-ARIA) used in this study is based on the method [9] developed by National Centre for Social Applications of GIS (GISCA) at the University of Adelaide. The socio-economic indicators that this research derived include Gini coefficient, Socio-Economic Indices [10] , and median family income derived from Australian Bureau of Statistics (ABS) census 2011. All variables were analysed at Census Statistical Area 1 -SA1 (similar to census collection districts) as the main geographic unit. The first step was to develop Ordinary Least Squares (OLS) regression model. OLS is a global regression method that allows to model, examine and explore relationships between the dependent variable and the independent variables. After developing a properly specified OLS model, a Geographically Weighted Regression (GWR) model was developed using the same exploratory variables. GWR builds a local regression equation for each feature in the dataset i.e. it can explore the spatial aspects of the multiple regression. The model was developed using ArcGIS 10.2 and was run on projected datasets (lambert conformal conic projection and GDA 94 datum) using an adaptive kernel type i.e. optimal number of neighbours approach for a better representation of the spatial interaction between variables.
Dependent variable
Metropolitan Accessibility/Remoteness Index of Australia (metro ARIA) Accessibility is a term generally understood to mean approximately 'ease of reaching' though the detailed definitions used may vary [11] . Accessibility is concerned with the opportunity that on individual at a given location possesses to take part in a particular activity or set of activities. The concept of the Metropolitan accessibility and remoteness index of Adelaide (metro ARIA) is still new, and so it is important to define what is meant by metro ARIA. Metro ARIA is a geographic index which quantifies service accessibility within metropolitan areas. In this study metro ARIA for each parcel is derived based on each residential parcel's network proximity within metropolitan area of Adelaide. The index aims to reflect the ease or difficulty people face accessing basic services within metropolitan areas, derived from the measurement of road distances people travel to reach different services [12] . The ARIA methodology has been adapted and refined in Metro ARIA [13]. Metro ARIA is a continuous varying index with values ranging from zero (high accessibility) to 12 (high remoteness), and is based on road network distance measurements from the centroid of the parcel to the nearest services that include: (i) Health (Major Hospital, all hospitals and General Practice clinics), (ii) shopping (central business district, major shopping centres and supermarkets), (iii) education (primary schools, High schools, Technical And Further Education Institutes and Universities) (iv) public transport (all stops, interchanges and bus stops with high frequency bus services known locally as 'Go-Zone stops'), and (v) financial and postal (bank and post offices). The score range that each component contributes reflects this weighting i.e. 0-2 or 0-3. The five distance measurements, one to each type of service, are recorded for each residential parcel and standardized to a ratio by dividing by the weighted mean for that service. After applying a capped maximum value (of three for medical and shopping service and two for all other services) to each of the ratios, these are summed to produce the total Metro-ARIA score for each parcel (Equation 1). Based on earlier studies, the medical and shopping services have been given higher weightings when compared to other services. After deriving these indices for each parcel (refer Equation1 and Table1) , the average metro_ARIA score for each SA1 was then calculated using the mean score of all parcels within this geographical unit i.e. metro ARIA for each Statistical Area 1 (SA1) indicates the average value of index for each parcel within each SA1.
Equation 1.
i = parcel location and L is the service type xiL = distance to the nearest service from each parcel for Health and Shopping services yiL = distance to the nearest service from each parcel for Education, Public Transport and 'Financial& Postal' services A zero value ARIA means that the location has the highest level of access to services while a value of 12 indicates the location has the lowest level of access to services (and correspondingly the highest measure of remoteness from services) 
The Independent Variables
Variables to be explored were selected based on their relevance and literature review. The information for each variable is extracted at SA1 level using the Census 2011.
Gini Coefficent
The Gini coefficient is perhaps one of the most commonly used inequality statistics. Inequality is described as a property of the distribution in a population of some valued resource, such as income or wealth (which may include resources such as cattle), and even articles published by scholars in scientific journals [14] . The distribution of such quantities is typically highly skewed, with a long tail to the right. This is normally conceptualized with the Lorenz curve (Figure 2 ). Take the example of income. Imagine that all income-receiving units are ranked by income from the smallest to the largest, and calculate the cumulative share of income accruing to each category of the populations from poorest to richest. The Lorenz curve is the plot of the cumulative income share L against the cumulative population share p. The Gini Coefficient is calculated for each of the 2751 Statistical Areas (SA1) in metro Adelaide using income data from the 2011 national census. 
Socio-Economic Indices for Area (SEIFA)

Other Census data variables
Other census variables such as median family income, population density, dwelling unit density of those who do not own a motor vehicle, density of seniors (65 years of age), density of people born outside Australia, and density senior females derived for each SA1 based on the Census 2011 database.
Analysis
Out of 2859 Statistical Areas within Adelaide Statistical Division, 2751 were chosen for further analysis as those areas with insignificant population count were omitted. When there are many potential independent variables, it is difficult to identify important variables that could contribute for properly specifying an OLS model. So using an exploratory regression data mining tool, all possible combinations of explanatory variables were tried to see which models pass all of the necessary OLS diagnostics. By evaluating all possible combinations of the candidate explanatory variables, the chances of finding the best model was improved. The exploratory regression is similar to stepwise regression ; however rather than only looking for models with high adjusted R 2 values, exploratory regression looks for models that meet all of the requirements and assumptions of the OLS method [16] . However final selection of variables was performed using previous literature, experience, and common sense.
The first step was to develop a properly specify OLS model by using exploratory regression tool i.e. a properly specified OLS model has: (i) explanatory variables where all of the coefficients are statistically significant (ii) coefficients reflecting the expected, relationship between each explanatory variable and the dependent variable (iii) explanatory variables that are redundant i.e. Variable Inflation factor (VIF) less than 7.5 (iv) normally distributed residuals indicating the model is free from bias (the Jarque-Bera p-value is not statistically significant), and (v) randomly distributed over and under predictions (the spatial autocorrelation p-value is not statistically significant).
The following three variables performed significantly and followed a uniform trend for all the statistical areas. They are (i) proximity to CBD (100% positive, meaning as the distance to CBD increases the metro ARIA values SA1 also increase i.e. the accessibility to services will decrease) (ii) population density (100% and mostly negative, i.e. service are more accessible to CBD) (iii) density of seniors i.e. aged 65 year and over (i.e. 100% negative, they are located closer to the services). Income related variables such as Gini coefficient and IER also performed well i.e. the strength of these two variables were similar to 'median family income' and 'density of dwelling units who do not own a motor vehicle'. However, as the spatial variations of these two variable values are insignificant indicating a problem with local multicollinearity. Further thematic maps also revealed spatial clustering of identical values and hence these variables were not specified in the OLS model. After analyzing exploratory regression results i.e. accounting for significance and removing redundant variables, finally the following five variables were further shortlisted for OLS model specification. They are (i) proximity CBD (ii) median family income (iii) population density (iv) density of seniors (v) density of dwellings who do not own a motor vehicle.
Results
OLS model
The statistically significant variables (p value less than 0.05) are shown in Table 2 . An asterisk next to the probability indicates that the coefficient is significant. Small probabilities are better (more significant) than the large probabilities. It is important to make sure that none of the explanatory variables are redundant. When two or more variables are redundant it creates an over count indicating a bias in the model. The term for this redundancy is multicollinearity. The measurement for multicollinearity is the Variance Inflation Factor test or VIF. The rule of thumb for interpreting VIF values is that they should be less than about 7.5; but the smaller is better. Table 2 shows that all variables have VIF less than 7.5; indicating that there is no redundancy in the chosen variables. The overall fit of the model (adjusted R2) was 0.63 (Table 3 ) meaning that the model explained 63% of the variance of accessibility to services within Adelaide metropolitan area. The Akaike's Information Criterion AIC value can be used to measure or compare model performance. When there are several models that have the same independent variable, the best model can be assessed by looking at the lowest AIC value. Jarque-Bera statistic results show that over/under predictions are not normally distributed and hence it is essential to improve this model by other approaches including GWR. 
Geographically Weighted Regression (GWR) Model
A fundamental concept in geography is that nearby entities often share more similarities than entities which are far apart [17] . Spatial dependency is the co-variation of properties within geographic space: characteristics at proximal locations appear to be correlated, either positively or negatively. Earlier studies [18, 19] have found that regression analyses that do not compensate for spatial dependency can have unstable parameter estimates and yield unreliable significance tests. Spatial regression models capture these relationships and do not suffer from these weaknesses. GWR is expressed as shown below where the parameters (βo, βk etc.) are estimated at the location (ui, vi) using a weighted least squares method and a predicted value of Y [20] .
Yi(ui, vi)= βo(ui, vi)+ ∑k βk(ui, vi) βik+ɛi Equation 3.
One of the major advantages of GWR is that tackles both spatial nonstationarity by accounting for coordinates in parameter estimates, but also spatial dependency by taking into account of geographical location in the intercepts [21] . GWR model results shown in Table 4 demonstrates the model improvements over OLS model as the adjusted R squares values improved from 63% to nearly 85%; similarly AIC values are lower when compared to OLS model. A GWR model can also help in exploring the spatial aspects of the key explanatory variables. GWR models calibrate coefficients using nearby features rather than all of the features in the dataset. So the relationships that are allowed to change across the study area. For example Figure 3 show the strength of two variables namely 'Distance (proximity) to CBD' and 'Population density'. As expected the 'Distance (proximity) to CBD' variable has a positive relationship with metro ARIA meaning the farther away statistical areas have lower accessibility to services. The darker areas here are the areas where the relationship between Distance to CBD and metro ARIA is the strongest. However some south eastern areas have shown higher than expected strengths. The northern most parts of Adelaide have shown low strengths due to their proximity to the town of Gawler, which is located to the immediate north of metropolitan Adelaide. In the case of the Population density variable, the relationship is mostly negative except few areas (shown in dark colour) in far south, west and northern areas, which have shown positive relationship. It is important to further explore these areas to identify the reasons for this mismatch. When similar result for median family income was studied, in some of the southern most parts of Adelaide, it showed strong positive relationship with metro ARIA. The accessibility to services alone may not been the driving factor for residential location choice in those areas; for example high income families may choose live in larger accommodation in outer suburbs. 
Conclusions
The paper explored variables that are influencing accessibility/remoteness of the statistical areas with respect to key services within metropolitan area of Adelaide. Initially the OLS model was specified and subsequently GWR model was used to understand the spatial strength of the variables. The OLS model was able to explain 63% of the variance of metro ARIA variability with in Adelaide. The five key variable explained most of the variation; which include (i) proximity to CBD, (ii) medium family income, (iii) population density, (iv) density of dwellings not owning a motor vehicle and (v) density of people born outside Australia. The GWR model increased the explanatory power of the analysis from 63% to nearly 85% of variance. Proximity to the CBD was found to be particularly strong in influencing metro ARIA in inner and south eastern parts of Adelaide. As expected population density showed negative relationship with metro ARIA, meaning that more people are residing closer to services with the exception of few areas in far south, west and northern parts of Adelaide. These areas need to be examined further to understand the mismatch between population density and accessibility to services. When similar result for median family income was studied, in some of the southern most parts of Adelaide, it showed strong positive relationship with metro ARIA. The other advantage of GWR models is that it can be used to make predictions and test 'whatif' scenarios by providing data reflecting potential policy changes or program outcomes and see how those programs actually impact; for example the impact of population density changes on accessibility to services can be predicted; which will be very useful in policy makers. GWR models have also added advantage of allowing the visual interpretation of parameter results based on geography. This research will not only provide new insight into spatial differences between metropolitan areas but also potentially help in assessing the impact of the changes in services on land use. Future research should focus on the development of metro ARIA by including travel times instead of road network distances as an impedance. Such accessibility indices could also take into consideration of multi-modal public transport systems, pedestrian, and cycle movements.
